Abstract-This paper presents a new technique for scan match ing with sparse, noisy sensors such as sonar range finders. This method allows an underwater vehicle to estimate its position within a 2-D plane. When combined with other sensors typically used on such vehicles, full 6 degree of freedom pose estimation is possihle in Hooded subterranean environments. Our approach uses a particle filter and an approximation of the likelihood of sensor readings, ba�ed on nearest neighbor distances, to approxi mate the probability distribution over possible poses. We present simulated results based on field collected data, demonstrating our approaches advantages over traditional scan matching techniques.
INTRODUCTION
The navigation and mapping of subterranean voids presents both an opportunity and a significant challenge for the field of robotics. One of the most common and important instances of such voids are abandoned mines. In the U.S. alone, tens of thousands of abandoned mines threaten nearby surface structures, ecosystems, and ongoing mining operations [I] , Proactive measures can be taken to prevent these threats from manifesting into disastrous situations; however, prevention relies upon knowledge of mine layout and condition. Mine maps are the primary source of such information. In the case of abandoned mines, these maps, when they exist, are often inaccurate, if legible.
Robots are sensible tools for mapping mines and similar voids since they can potentially navigate areas too small or too dangerous for people to enter. In the case where the abandoned mine is flooded, access to the mine is often only possible via boreholes. Current plans call for building robots that can deploy via boreholes as narrow as 8 inches in diameter. Constructing a robot that can be deployed through such a small borehole, and still perform useful mapping functions, is a significant challenge. The borehole size significantly constrains, amongst other things, the number and quality of sensors such a robot can use. Since the entire purpose of deploying the robot is to obtain an accurate map, new teChniques are needed for accurate positioning and mapping in the presence of such limited sensing.
.
Previous mine mapping robots [2] This paper describes a new technique for scan matching that is suitable to the limited sensing capabilities present in flooded subterranean environments. This new method uses a particle filter to estimate the robots pose within a 2 dimensional plane.
When this estimate is combined with other sensors available to underwater vehicles, the robol's 3-D position and orientation can be estimated.
In the next section, related work in underwater pose es timation is described. Section 3 describes related work in scan matching. Section 4 describes· our new approach to scan matching. Experimental results are presented in Section 5, and we conclude with a discussion and directions for future work in Section 6.
UNDERWATER POSE ESTIMATION
Several approaches have been developed for performing pose estimation with an Autonomous Underwater Vehicle (AUV).
While underwater environments provide many challenges for positioning, they also provide some advantages. The most important of these is the ability to measure depth directly using a pressure sensor. [5] . Unfortunately, at this time there are no commercially available DVLs that meet our size constraints. Until they can be further miniaturized, DVLs are not a viable option. An alternative method for direct velocity estimation is by tracking visual features, using a system such as the one described in [6] . Again, environmental factors specific to subterranean voids add difficulty. The corridors of such voids are often lacking in the distinct visual features necessary for robust tracking. Also, such voids are often zero light environments, requiring a drain on an AUV's limited power supplies to illuminate an area.
Traditional landmark based Simultaneous Localization and Mapping (SLAM) [7) techniques are also applicable to AUV s,
In particular, using an extended Kalman filter with landmarks The sensor utilized is most often a scanning laser range finder.
One of the most popular approaches for scan matching is the Iterative Closest Point (ICP) [12] algorithm. In ICP, the transformation between scans is found iteratively by assuming that every point in the first scan corresponds to its closest point in the second scan, and solving closed form for the transformation using these correspondences. The algorithm is seeded by an initial odometry estimate, and iterated until convergence. This process can be viewed as an optimization The rcp algorithm will always converge to at least a local minimum. Given enough accurate data points and a sufficient seed transformation, this local minimum can be arbitrarily close to the actual robot motion. However, sparse and noisy data, such as that from a imaging sonar, can cause fCP to fail. . A single noisy reading can signifi cantly affect the computed transformation, causing the estimated robot pose 10 drift over time.
Other scan matching approaches, such as [14] , are based on extracting feature points from each scan, and then match ing features between scans. A mapping between features in diffcrent scans then leads directly to the rigid transformation of the robot between scans. However such feature extraction techniques are not always robust enough to be used with higher noise sensors such as sonar.
4, PARTICLE SCAN MATCHING
One of the issues with ICP scan matching using sonar sensors is the presence of outlier readings. Since ICP is mini mizing the sum of squared distance, the noise is also squared, meaning a few outliers can easily corrupt the estimated pose. Subsequent pose estimates will then suffer because. of this preexisting error. This problem can be alleviated to some degree by matching new scans to a history of previous scans, rather than just the last scan. However, this is not always enough to overcome the noise inherent in sonar sensors.
Maintaining a record of the uncertainty inherent in the pose estimation process is essential for minimizing the effects of noise. A common approach to approximating such uncertainty estimates is to maintain a set of samples from the probability The filter is implemented by drawing a sample from the motion model for each sample in the prior set of particles.
The particles are then weighted by the likelihood of the sensor measurements. This likelihood is computed based on a preexisting map of the environment. Finally, the particles arc resampled with replacement. The probability of selecting a particle is proportional to its weight.
Previous approaches that combined particle filters and scan matching, such as [19] , have used scan matching as a replace ment for odometry in the prediction phase of a particle filter, depending on landmark based techniques for the update phases.
However, landmarks are hard to detect reliably with a noisy range sensor. Also, such an approach uses a prior fixed model of the uncertainty introduced in scan matching, as opposed to observing it explicitly at each cycle.
Our approach to combining particle Ii ltering and scan match ing considers ICP scan matching from a probabilistic view point. Given two sensor scans of a static environment taken at different times, any difference in the scans can be attributed to either. robot motion or sensor noise. Transforming both scans into the same coordinate frame, based on their respective pose estimates, makes any remaining differences between the scans attributable to either sensor noise or to positioning error.
Therefore, the smaller these differences, the more likely both 
EXPERIMENTAL RESULTS

A. Simulated Data
The current target vehicle for particle scan matching, the To simulate the slower scan rate of an imaging sonar, only a 45 degree section of each 180 degree scan was used. Consecutive slices were used from consecutive scans. Finally, 25 em2
variance Gaussian noise was added to simulate the lesser accuracy of sonar compared (Q laser, and multipath noise was added to approximately one tenth of all readings. Figure 4 shows an example of this process.
Proprioceptive pose estimates, corresponding to the output from an IMU filtered with control inputs, were simulated from groundtruth poses. Groundtruth was used to generate relative changes in position and orientation between simulated sonar scans. Gaussian noise was added to these deltas to simulate noisy output. The noise added to position changes had a variance of 0.25 cm2, and 0.0025 radians2 to changes in orientation. These numbers result in much greater drift than is typical in such a system, and were chosen to test the limits of particle and ICP scan matching.
B. Simulated Results
Both ICP and particle scan matching were run on the the combination of simulated initial pose estimates and sensor readings. Particle scan matching was run with between 10
and 5000 particles at a time. A history of the last 100 scans was used for matching against the current scan. Such a long history is computationally feasible due to the small size of each scan ( Figure 5 ). The final pose estimates from both approaches were used in combination with the simulated sonar readings to produce occupancy grids [20] , These maps are shown in Figure   7 , along with maps built using the groundtruth and simulated IMU poses. The groundtruth map was created using the original laser data rather than the sonar data simulated from it. Given an expected decrease in the computational burden in moving from simulation to an optimized implementation, this is more than fast enough to allow particle scan matching to run in real time without interfering with the other computation necessary on an AUY.
Increasing the number of pose particles does result in slight improvements. The pose estimates generated using 1000 pose particles result in a map that exhibits even less drift from groundtruth. The relationship' between accuracy and the number of particles is visible in Figure 6 , which plots the experimentally recorded variance from the true orientation deltas against the number of particles used. This variance exhibits rapid decay, indicating that the pose uncertainty is sufficiently approximated with a small number of particles. readings transformed into world coordinates using previous pose e. 'itimates.
The green points represent the current sonar readings, and the current set of pose particles is shown in red.
This is possible with so few particles because the .change in pose between cycles is known to be small, In contrast, particle based systems for solving global localization or kidnapped robot style problems require far more particles. Simulations based on field collected data demonstrate the advantages of particle scan matching in the presence of high levels of noise.
CONCLUSION
Future work will focus on two aspects of particle scan matching. The first will be to apply particle scan matching to the Minefish prototype upon its completion to demonstrate full 3-D pose estimation, There is also the possibility of additional improvement to the algorithm itself. In particular, alternative error functions based on nearest neighbor distances will be explored. One possibility is to use a distance metric based on a model of sensor noise. Another is to use an M-estimator [21] or other robust statistic, in order to lessen the negative effects of outlier readings. Techniques for adapting the number of particles to reduce computational overhead, such as KLD sampling [22] , will also be explored.
Another possible improvement is related to the map used online for approximating the likelihood of sensor readings, Currently, this map is built by transforming each sensor scan into world coordinates using the pose estimate produced by processing that scan. This approach does not allow the map to reflect the known pose uncertainty at the time that portion of the map was built. Also, once a sensor reading is added to the map, it remains unchanged until it expires. Future research will focus on ways to address both of these issues. 
